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Inhibitory effect induced by fractional Gaussian noise
in neuronal system
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We discover a phenomenon of inhibition effect induced by fractional Gaussian noise in a neuronal system. Firstly,
essential properties of fractional Brownian motion (fBm) and generation of fractional Gaussian noise (fGn) are presented,
and representative sample paths of fBm and corresponding spectral density of fGn are discussed at different Hurst indexes.
Next, we consider the effect of fGn on neuronal firing, and observe that neuronal firing decreases first and then increases
with increasing noise intensity and Hurst index of fGn by studying the time series evolution. To further quantify the
inhibitory effect of fGn, by introducing the average discharge rate, we investigate the effects of noise and external current
on neuronal firing, and find the occurrence of inhibitory effect about noise intensity and Hurst index of fGn at a certain level
of current. Moreover, the inhibition effect is not easy to occur when the noise intensity and Hurst index are too large or too
small. In view of opposite action mechanism compared with stochastic resonance, this suppression phenomenon is called
inverse stochastic resonance (ISR). Finally, the inhibitory effect induced by fGn is further verified based on the inter-spike
intervals (ISIs) in the neuronal system. Our work lays a solid foundation for future study of non-Gaussian-type noise on
neuronal systems.
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1. Introduction

Nervous system is a typical complex nonlinear system,
which is mainly responsible for regulating the activities of
various organs in the body. As the organism is often in a ran-
dom fluctuation of the external environment, when the external
stimulus acts on the nervous system, the system can respond
to the outside world in time and interact with the surrounding
environment, which is usually described in the form of noise
or random force in physics. Neurons, the basic unit of the ner-
vous system, can transmit information by firing. The firing be-
havior of neurons is affected by a variety of random factors. In
recent years, many scholars have carried out a large number of
theoretical and experimental research on the firing activity of
neurons in nonlinear systems. The research shows that noise
plays a major role. On the one hand, noise has a great promot-
ing effect, such as noise-induced phase transition,[1,2] coher-
ent resonance and stochastic resonance,[3–7] where stochastic
resonance can be used to enhance the signal of waves[8] and
amplify the spectrum.[9] On the other hand, noise-induced in-
verse stochastic resonance (ISR)[10–13] is found. Since noise
is widespread in the nervous system, it also has a significant
impact on the efficient transmission of information in the sys-
tem. Therefore, studying the influence of noise on the dynamic
behavior of nervous system has important theoretical signifi-
cance and wide application value, which provides new ideas
for people to explain many complex behaviors in physical, bi-

ological, chemical and social systems.
At present, there have been relevant research results on

the effect of noise on neurons, especially on the phenomenon
of inverse stochastic resonance. The earliest study on ISR was
when studying the effect of noise on neurons in vitro by Pay-
darfar et al.,[14] and they observed that noise could inhibit the
activity of pacemaker, and low noise intensity could induce
the transition between resting state and continuous discharge
behavior. Then, Gutkin et al.[15] found that Gaussian white
noise inhibited the firing level of neurons. Guo et al.[16] con-
firmed that color noise was more powerful inhibitory effect
than white noise. Gutkin, Tuckwell and Jost[17] considered the
inhibitory effect of noise on the discharge of individual neu-
rons, and found that there was a minimum discharge spike, in a
range of input current close to triggering a rhythmic discharge.
Tuckwell and Jost[18] explained this phenomenon of minimum
emissivity ISR in Hodgkin–Huxley system as the noise level
increased. Uzuntarla[19–21] observed static synapses and chan-
nel noise could induce an inverse stochastic resonance of the
neuronal model, and found that when the noise level was op-
timal, the average peak activity of the single neuron model
appeared the minimum value. Li et al.[22,23] successively stud-
ied the ISR phenomenon under non-Gaussian noise and Levy
noise driven neuronal models, and found that the noise param-
eters can minimize the average firing rate. Lu et al.[24] ana-
lyzed ISR phenomena caused by Gaussian and non-Gaussian
color noise in the neural network respectively, and the result
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showed that the ISR phenomenon is caused by Gaussian ther-
mal noise.

Up to now, the occurrence of ISR is mainly studied un-
der the background of ideal Gaussian-type white or color
noise. These noises are produced under standard Brownian
motion (Bm), but natural behavior is complex, there are a lot
of random fluctuation or long time memory noise, and ran-
dom noise environment plays an important role in the study
of biodynamics.[25] Standard Bm to simulate the noise emit-
ted by real behavior of neuron discharge has some limitations,
so it is necessary to carry out non-standard Bm, i.e., fractional
Bm (fBm). Compared with the classical Bm with independent
increments, fBm has long distance and strong space–time cor-
relation. In recent years, fBm has become increasingly mature
in theoretical research. It has become a powerful tool to study
the actual behavior of biological, physical and other systems.

The aim of this paper is to explore inhibitory effect in-
duced by fractional Gaussian noise on neuronal firing patterns.
Using fractional Gaussian noise to simulate random small per-
turbations of external environment, firing pattern of neurons
is observed and discussed. The innovation of this paper is to
study the inhibitory effect driven by fractional Gaussian noise
through dynamic measurement, such as time series analysis,
average discharge rate and inter-spike intervals. We will focus
on the effect of noise parameters and input current on the neu-
ronal spike discharge behavior, especially on the phenomenon
of inhibitory effect, i.e., inverse stochastic resonance. Mean-
while, revealing the mechanism of inhibiting the firing of neu-
rons by fractional Gaussian noise lays a solid foundation for
better studying the internal activity of biological organisms.

The structure of this paper is as follows. In Section 2, the
classical Hodgkin–Huxley (H–H) model and fGn are explic-
itly introduced. In Section 3, the inhibitory effects of different
noise parameters (noise intensity and Hurst index) on neuron
firing are studied. In Section 4, ISR is confirmed in H–H neu-
ron model induced by fractional Gaussian noise by calculating
the average discharge rate. In Section 5, in order to further
explain that fractional Gaussian noise can produce ISR, the
concept of inter-spike intervals (ISIs) distribution histogram is
introduced, and ISR phenomenon is verified by the change of
ISIs. Finally, the above conclusions are summarized and their
biological significance is discussed in Section 6.

2. Model and fractional Gaussian noise
2.1. H–H neuron model

In 1952, British physiologists and biophysicists Hodgkin
and Huxley[26] used the laboratory to determine the cell mem-
brane of squid giant axons, and found that the nerve mem-
brane had membrane capacitance and conductance as well as
membrane potential and time ion channels related to conduc-
tance. In order to explain the mechanism of action potential

generation and propagation, the following nonlinear ordinary
differential equations,[27–29] known as H–H model, were es-
tablished:

dv
dt

=
1
C
[I−gNam3h(V −VNa)−gKn3(V −VK)

−gL(V −VL)]+
√

DGH(t),
dm
dt

= αm(V )(1−m)−βm(V )m,

dn
dt

= αn(V )(1−n)−βn(V )n,

dh
dt

= αh(V )(1−h)−βh(V )h, (1)

where V is the membrane potential, and the unit is mV. C is the
membrane capacitance, gNa, gK, and gL are maximum sodium,
potassium and leakage conductance, respectively, and their
units are ms/cm2. The corresponding equilibrium potential are
V Na, V K, and V L, respectively, and the unit is mV. Among
them, C = 1, gNa = 120, gK = 36, gL = 0.3, V Na = 115,
V K = −12, and V L = 10.6 are all constant values. I is the
external current intensity, GH(t) represents the noisy environ-
ment of neurons and it refers to fractional Gaussian noise in
the paper. D indicates the noise intensity. The waveform of
the model is in good agreement with the pulse generated by
the actual action potential, and can accurately simulate the
electrochemical mechanism of neuron discharge, which lays a
foundation for the development of electrophysiology and elec-
trochemistry.

In system (1), when the particle is in the correct position,
m is the activation variable of sodium ion, which represents the
average activation probability of sodium ion channel. n repre-
sents the probability of activating the potassium channel, and
h is the inactivation variable of sodium ion, representing the
average probability of inactivation of the sodium ion channel.
αn represents the velocity constant of potassium ion channel
from closing state to an open state, βn is the velocity constant
of potassium ion channel from opening state to a close state.
The control variables αm, αn, αh, βm, βn, and βh satisfy the
following equations:

αm(V ) =
0.1(V −25)

1− exp[(25−V )/10]
,

βm(V ) = 4e−V/18,

αh(V ) = 0.07exp[−V/20],

βh(V ) =
1

1+ exp[(30−V )/10]
,

αn(V ) =
0.01(V −10)

1− exp[(10−V )/10]
,

βn(V ) = 0.125exp[−V/80]. (2)

2.2. Fractional Gaussian noise

The fractional Gaussian noise was first introduced by
Mandelbrot and Van Ness[30] for simulating stochastic fractal
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processes. From the perspective of statistical physics, fGn is a
E-dimensional random vector field defined in d-dimensional
space. d and E correspond to spatial dimension and spin
dimension respectively in the theory of critical phenomena
in statistical physics. Before introducing fractional Gaussian
noise, the concept and properties of fractional Bm are firstly
given below.

2.2.1. Fractional Brownian motion

Mandelbrot and Van Ness[30] first proposed the term frac-
tional Bm, which was obtained by random integration of stan-
dard Bm. Fractional Bm (fBm) has significant similarity and
differences compared to the standard Bm, they both have sta-
ble increments in common, and the difference is that the fBm
increment has strong long-range correlation or long memory,
while the Bm has independent increments.

The BH(0)(t ≥ 0) is a real-valued and non-stationary
Gaussian process. Among them BH(0) = 0, the mean is zero,
and the covariance function is

CH(t,s) = E [BH(t)BH(s)]

=
1
2
[
s2H + t2H −|t− s|2H] , (3)

where H is the Hurst index, H ∈ (0,1), and the BH(t) is called
fBm. In particular, the fBm decays to Bm when H = 0.5.
Some common properties of fBm are given below.[29,31–36]

Property 1 fBm is self-similar,

BH(at) = aHBH(t), a > 0.

That is, the BH(at) and BH(t) have the same finite-dimensional
distribution.

Property 2 The increment of fBm is stationary.
For random variables BH(t) and BH(s), if t > s, the dis-

tribution of BH(t)−BH(s) is independent of the starting and
ending moments, only depends on the time lag t− s.

Property 3 The increments of Property 2 are correlated
at non-overlapping intervals.

For t > s≥ u > v,

E [(BH(t)−BH(s))(BH(u)−BH(v))]

=
1
2
(
|t− v|2H −|t−u|2H + |s−u|2H −|s− v|2H) .

Property 4 When Hurst index H ∈ (0.5,1), fBm shows
long range memory.

Consider the incremental process Zt = BH(t)−BH(t−1),
t = 1,2 . . .,

ρ(k) = E [ZiZi+k] = E [Z1Zk+1]

=
1
2
[
(k+1)2H −2k2H +(k−1)2H] , k ≥ 1,

∑
k=∞

k=−∞
ρ(k) is bounded when H ∈ (0,0.5), and for H ∈

(0.5,1), it is infinite. In particular, when H = 0.5, ρ(k) = 0, in

this case, the increment is independent and the corresponding
fBm decays into Bm. For H ∈ (0.5,1), the correlation func-
tion of BH increments decays very slowly, so BH shows a long
range dependence.

Property 5 B1/2 is Brownian motion.
When H = 0.5,

CH(t,s) = E [BH(t)BH(s)] =
1
2
(s+ t−|t− s|) = s∧ t

since BH is a Gaussian process with zero mean value, and
BH(0) = 0, so B1/2 is Bm.

Figure 1 simulates sample paths of fBm with different
Hurst index values. Given the self-similarity of the fBm, its
sample path is fractal in statistical significance and is con-
stant and invariant on any time scale. Through observation,
we can see that the sample path is smoother and extends far-
ther back as the H continuously increases. This is because the
negative correlation (resistance persistence) makes fBm show
high variability when H < 0.5 (H = 0.3), while the sample
path is smoother due to positive correlation (persistence) when
H > 0.5 (H = 0.7).
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Fig. 1. Fractional Brownian motion BH(t) with different Hurst index,
H takes 0.3, 0.5, and 0.7.

2.2.2. Generation of fractional Gaussian noise

Fractional Gaussian noise is generated by the fBm. Com-
paring the Gaussian white noise, as a formal derivative of the
Bm, fractional Gaussian noise GH(t) is interpreted as the for-
mal derivative of fBm,[37] that is,

GH(t),
dBH(t)

dt
. (4)

It has stationarity, self-similarity, and long-range corre-
lations. It is a fat-tailed autocorrelation function, no longer
Markovian except that the probability structure is still Gaus-
sian, but exhibits some long correlations. In recent years with
studies on fractional Gaussian noise, various methods such
as the Hosking method,[38] the Cholesky method[39] and ran-
dom midpoint displacement[40] had been proposed to generate
corresponding random numbers. Here we employ a random
midpoint displacement method to simulate fractional Gaus-
sian noise. Kouet successfully explained the sub-diffusion of
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individual protein molecules by introducing the fGn into the
generalized Langevin equation.[41] Fractional Gaussian noise
complete self-similarity was frequently used to model many
subject phenomena in computer network models,[42,43] signal
processing,[44,45] economic domain.[46,47]

Below we give the spectral density of fGn under the Hurst
index corresponding to Fig. 1. The results are shown in Fig. 2,
and it can be found that in these three cases, there are obvious
differences in their frequency distribution. When H is less than
0.5 (H = 0.3), the amplitude value rises monotonously at first
and gradually become stable, and the high-frequency compo-
nent is dominant in the spectral density. When H = 0.5, the
fBm will attenuate to the standard Bm, and the corresponding
fGn will also become Gaussian noise correspondingly. The
amplitude value fluctuates up and down within a certain width,
and the corresponding spectral density is evenly distributed.
When H is greater than 0.5 (H = 0.7), the amplitude value first
drops slowly and monotonically and then stabilizes, where the
low-frequency component occupies a larger proportion.
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Fig. 2. Spectral density of fractional Gaussian noise GH(t) with differ-
ent Hurst index, H takes 0.3, 0.5, 0.7.

3. Time series of neuron induced by fGn
To simulate the numerical solution of Eq. (1) , the Euler–

Maruyama algorithm [48] is used. The initial condition is
(V (0),m(0),h(0),n(0)) = (0,0.006,0.6,0.35). In order to
more clearly display the influence of noise on the discharge
mode in the H–H model, the potential changes of neurons in
the first 300ms are only shown here.

3.1. Effect of noise intensity on neuron discharge

Figure 3 shows a time-course plot of neuronal firing at
different noise intensities. First of all, when the noise intensity
is small relatively (D = 0.1), there is little inhibitory effect on
neuronal firing. When the noise intensity increases to D = 5,
it is obvious that the number of spikes of neurons decreases
sharply, indicating that when the noise intensity increases, fGn
will have a strong inhibitory effect on the discharge of neurons.
When the value of the noise intensity continues to increase to
D = 9, it can be found that neurons return to full firing mode

and inhibition disappears. As the D value increases, the mem-
brane potential in neurons successively experiences complete
firing, firing inhibition, and complete firing. We can conclude
that the noise intensity is too large or too small to produce no
significant inhibitory effect on neuronal firing, while the noise
intensity of the fractional Gaussian noise can have a signifi-
cant inhibitory effect on the neuronal firing levels when the D
takes the appropriate value.
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Fig. 3. Time series plots of the neuronal model at different noise intensity,
where external current I = 7 and Hurst index H = 0.6, D takes 0.1, 5, 9.

3.2. Effect of Hurst index on neuron discharge

Next, in order to further show the effect of Hurst index
on neuron discharge, we plot the time series diagram varies
with Hurst index in Fig. 4. The result shows that with the in-
crease of H, the number of neuron discharge peaks will first
decrease, and then increase to the complete discharge state al-
most the same as before. Similarly, we also have a conclusion
similar to the above: only when the Hurst index is within an
appropriate range, can the neuron discharge be inhibited.
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Fig. 4. Time series plots of the neuronal model at different Hurst index,
where external current I = 7 and noise intensity D = 0.6, H takes 0.3,
0.7, 0.9.

Above, we discuss the influence of the two parameters
of fractional Gaussian noise on the firing mode of neuron
model respectively, and finally reach a consistent conclusion,
the introduction of noise break the original regular firing mode
of neuron. The random factors of fractional Gaussian noise
(noise intensity and Hurst index) can inhibit the firing of neu-
rons. And the value of noise parameters should not be too
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small or too large, within a certain range, the discharge of neu-
rons can be effectively suppressed, that is, there will be inverse
stochastic resonance phenomenon.

4. Inverse stochastic resonance induced by fGn
To quantify the inhibitory effect of fractional Gaussian

noise on neurons, we introduce the concept of average dis-
charge rate to measure it, and numerically express the effect of
fractional Gaussian noise on neuron discharge behavior, which
is a common method to measure the level of inverse stochastic
resonance. We systematically study the effect of external in-
put current intensity and fractional Gaussian noise on neuron
model. It is stipulated that when the membrane potential is
greater than 50 mV, the peak value is recorded. The formula
of the average discharge rate[16] is

R =
1

Mt

(
M

∑
i=1

Nspikes ,i

)
, (5)

where Nspikes,i indicates the number of spikes in the i-th nu-
merical simulation, M is total number of simulations and t is
total time. M = 300 and t = 600 ms are used for simulations
in this paper.

4.1. Average discharge rate with noise intensity

Figure 5 shows the dependence of the average discharge
rate with the noise intensity. As shown in Fig. 5(a), the influ-
ence of noise intensity D of different Hurst index H on the av-
erage discharge rate R is considered. When H is less than 0.5
(H = 0.3), the average discharge rate curve decreases slowly
first and then rises slowly, which indicates that the inhibitory
effect is not obvious. When H = 0.5, R decreases rapidly first,
and then increases rapidly, and this observation means that the
inhibition of fGn on neurons is enhanced. When H is greater
than 0.5 (H = 0.7), the inhibitory effect of noise is further en-
hanced, and the value of R decreases sharply first, and then
rises fast. When the value of H continues to increase to 0.9,
the value of R first drops slightly and then rises rapidly, and
the inhibitory phenomenon weakens obviously. Keep on in-
creasing the value of H, the inhibitory effect will even disap-
pear. Therefore, it can be concluded that when the current is
a constant near the critical threshold range, and the value of
Hurst index H is changed from 0.1 to 0.9, R will first decrease
and then increase with noise intensity, in other words, the in-
hibitory effect of noise on neuron discharge will first enhance
and then weaken. Thus, within a certain range, the Hurst index
is more potent against neuronal firing.

Next, exhibiting the neuronal firing affected by external
current. As shown in Fig. 5(b), the change of average dis-
charge rate under different noise intensity is studied by chang-
ing different current values. It can be found that when the

current value is 5.5, with the increase of noise intensity D, the
average discharge rate curve presents a slow and monotonous
trend. When the current value increases to I = 6.6, the average
discharge rate R decreases first and then increases, this implies
inhibitory effect appears. When the value of I continues to in-
crease to 8, the phenomenon of inhibition still exist. When the
value of current I is large (I = 9.5), the average discharge rate
decreases slowly at first and then rises slowly, the inhibition
effect disappears gradually. This reveals that the average dis-
charge rate is highly sensitive to the current intensity, a small
change in the current intensity is enough to cause a great dif-
ference in the discharge inhibitory effect. We can conclude
that within the threshold range of current intensity, the average
discharge rate curve decreases first and then increases with the
increase of noise intensity. Besides, it can be very clear that a
significant phenomenon of inhibition occurs.
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Fig. 5. The average firing rate R varies with noise intensity D at dif-
ferent parameters. (a) Fix the external current as I = 7, Hurst index H
makes 0.3, 0.5, 0.7, 0.9. (b) Fix the Hurst index as H = 0.6, external
current I makes 5.5, 6.6, 8, 9.5.

4.2. Average discharge rate with Hurst index

Figure 6 shows the dependence of the average discharge
rate with the Hurst index. As shown in Fig. 6(a), the change
of average firing rate of neurons with Hurst index under differ-
ent noise intensity D is considered. When the noise intensity
is small (D = 0.1 and D = 1), there is a significant minimum
average discharge rate. Continue to increase the noise inten-
sity (D = 4), the average discharge decreases slowly at first,
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then increases rapidly, and the inhibition gradually weakens.
When the value of D increases to 7.5, the value of R decreases
slowly at first, then increases sharply with the increase of H,
and the inhibition effect almost disappears. It can be seen that
the suppression effect is more significant under the low noise
intensity.
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Fig. 6. Average firing rate R varies with the Hurst index H under differ-
ent parameters. (a) External current I = 7, noise intensity D makes 0.1,
1, 4, 7.5. (b) Noise intensity D = 0.6, external current I makes 5.5, 6.6,
8, 9.5.

To take into account the effects of different external cur-
rents on neuronal discharge. Figure 6(b) shows the R–H
curves corresponding to the different currents. When the cur-
rent value is 5.5, the average discharge rate curve shows a
slow-growing trend, there is no inhibition occurs. With the in-
crease of the current value, when I = 6.6, an inhibitory effect
appears. The value of I continues to increase to 8. Despite
the existence of inhibitory effect, the decrease of R value is
significantly smaller than that of I = 6.6, indicating that with
the increase of I, the inhibitory effect of noise on neurons is
further weakens. When the current value increases to I = 9.5,
the inverse inhibitory effect disappears. According to the ob-
servation above, we can conclude that under the condition of
constant noise intensity and current within the threshold range,
the inhibitory effect will first enhances and then gradually dis-
appears with the increase of I.

Finally, in order to observe the influence of noise param-
eters on average discharge rate more intuitively, the average

discharge rate R with Hurst index H and noise intensity D is
given in Fig. 7(a). It can be seen from the cross section of D,
when the value range of noise intensity is small, the inhibition
effect is more obvious. With the increase of noise intensity, the
inhibitory effect on neuron firing gradually disappears, which
is consistent with the result in the figure above. On the other
hand, along the cross section of H, the inhibition effect is not
obvious when H < 0.5. As H increases to 0.5, the inverse in-
hibition effect becomes clearer, but when H increases to 0.9,
inhibition effect disappears. This indicates that H has a more
significant inhibition of neuronal firing in a certain range. This
is consistent with previously confirmed results. In conclu-
sion, with the decrease of noise intensity, noise has a more
significant impact on neuron discharge, while Hurst index can
only effectively inhibit neuron discharge behavior in a certain
range.
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Fig. 7. (a) Average discharge rate R with noise intensity D and Hurst
index H. (b) Average discharge rate R with Hurst index H and current
intensity I.

In addition, external input current can affect firing mode
of neurons. Then we simulate the average discharge rate R re-
garding Hurst index H and current I, as shown in Fig. 7(b).
From the perspective of the cross section of I, when the cur-
rent is close to the threshold, it has obvious inhibition effect,
and the inhibition phenomenon decreases or even disappears
beyond the threshold. However, when H is in the appropriate
value range, with the continuous increase of current, the aver-
age discharge rate will first decrease slowly and then increase
rapidly.
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5. Inter-spike intervals induced by fGn
The most common way to study the firing patterns of neu-

rons is to measure the distance between different firing se-
quences. The advantage of this method is that there is no unit
scale and subjective factors can be ignored, which makes the
results more objective and improves the visibility of informa-
tion between discharge sequences. In order to verify the above
series of conclusions about the inhibitory effect of fGn on neu-
rons. In this paper, the concept of inter pulse interval (ISIs) is
introduced, which represents the time interval between adja-
cent peaks of a neuron. By comparing the changes in the num-
ber of peak discharges generated in a given period of time, the
suppression effect under different noise parameters can be ob-
tained. Finally, we can directly reflect the existence of inhibi-
tion effect through the histogram of peak to peak distribution.
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Fig. 8. (a) Histogram of peak-to-peak intervals under different Hurst
index, I = 7 and D = 0.6 are fixed, H takes 0.3, 0.7, 0.8. (b) Histograms
of peak-to-peak intervals at different noise intensity, I = 7 and H = 0.6
are fixed, D takes 0.1, 5, 8.

Figure 8(a) is the peak-to-peak period histogram under
different Hurst indices. With the increase of H, the number of
neuron discharge peaks in the same peak decreases first and
then increases. This is consistent with the previous conclusion
of the corresponding time history diagram under different H.
By using a similar method, when Hurst exponent H = 0.6, the
corresponding peak-peak cycle histogram of D = 0.1, D = 5
and D = 8 are shown in Fig 8(b), respectively. The number
of discharge peak decreases first and then increases with the

increase of D. Combined with these two figures, it can also
be seen that when noise parameters are small, neurons are in a
state of complete discharge, with a large number of discharge
tips and a concentrated peak–peak cycle distribution. With
the increase of noise parameters, the number of tips decreases
significantly and the corresponding distribution becomes more
dispersed. As the noise parameters increase, the number of
peaks almost returns to its previous level and the distribution
becomes more concentrated. At this point, the neuron reaches
a state of almost complete discharge. These results indicate
that the addition of noise breaks the original rhythmic firing
mechanism of neurons and inhibits the firing of neurons.

6. Conclusions
The inhibitory effect of fractional Gaussian noise on neu-

ron firing is studied. Firstly, the Hodgkin–Huxley neuron
model and fractional Gaussian noise are presented. Secondly,
the effect of noise parameters on neuron firing under fractional
Gaussian noise is studied. We observe that fractional Gaus-
sian noise can inhibit neuron firing in a certain range of noise
parameters, and give the corresponding neuron firing time se-
ries diagram. Next, we take the average discharge rate as the
measurement value of neuron discharge, and find that with
the increase of noise intensity and Hurst index, the average
discharge rate presents a minimum value, which is ISR phe-
nomenon. The results show that when the input current inten-
sity I reaches the critical threshold, the Hurst index and noise
intensity can induce ISR. Finally, in order to further prove the
inhibitory effect of fractional Gaussian noise on neuron fir-
ing, we introduce the concept of peak interval. The results
show that with the increase of Hurst index and noise intensity,
the number of inter peak intervals decreases first and then in-
creases. In conclusion, the Hurst exponent and noise intensity
of fractional Gaussian noise can induce ISR phenomenon in
neuron system. Compared with ISR caused by other kinds of
Gaussian-type noise, noise intensity and Hurst index of frac-
tional Gaussian noise can cause ISR. The main difference is
that the Hurst index of fractional Gaussian noise could ex-
press a long range correlation, which can better describe the
randomness in the real world.

In this paper, the Hodgkin–Huxley model is applied to a
single neuron to study the inhibitory effect of fractional Gaus-
sian noise on neuron discharge, namely, the emergence of ISR.
Our results can also be further extended to neural networks.
Because noise inevitably appears in biological system, it can
not only produce positive effects,[49] but also hinder the dy-
namic behavior of biological system. A better understand-
ing of noise-induced ISR helps to discover complex and in-
teresting dynamic discharge behaviors in the nervous system.
Fractional Gaussian noise is more representative of the distur-
bance. Fractional gaussian noise is more common in practical
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applications and can simulate random interference. Fractional
gaussian noise can trigger the discharge activity of biologi-
cal system. ISR can be caused by fractional Gaussian noise.
And, some results are obtained, which are different from other
Gaussian or non-Gaussian noises. In addition, the influence of
fractional Gaussian noise on biodynamic behavior and its ap-
plication deserves to be further explored. Due to the complex
structure of biological system, its functional significance and
biological mechanism remain to be explored.

In addition, the functional implications of ISR are still
unclear, more important roles will emerge in the future. Many
studies have investigated many functional roles of ISR. For
example, ISR may play an important role in shortening the
cycle of abnormal working memory.[50] In the process of in-
vitro preparation of purkinje cells from rat brain slices,[51] it
was found that ISR could be used to switch between differ-
ent operating mechanisms according to input current. ISR was
also found in nematic liquid crystal.[52] At present, the mecha-
nism of inverse stochastic resonance is widely used in biomed-
ical and many areas, so it is very promising to make good use
of its unique mechanism and play an active role to reveal the
internal information transmission mechanism of the nervous
system, promote the progress of biomedicine, explore the new
applications in the field of economic and financial and others.
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